We present a statistically-optimal and model-independent method to extract the pressure profile of hot gas in the intracluster medium (ICM). Using the thermal Sunyaev-Zeldovich effect, we constrain the mean pressure profile of the ICM by appropriately considering all primary cosmic microwave background (CMB) and instrumental noise correlations, while using the maximum resolution and sensitivity of all frequency channels. As a first application, we analyze CMB maps of WMAP 9-year data through a study of the Meta-Catalogue of X-ray detected Clusters of galaxies (MCXC). We constrain the universal pressure profile out to 4R 500 with 15σ confidence, though our measurements are only significant out to R 200 . Using a temperature profile constrained from X-ray observations, we measure the mean gas mass fraction out to R 200 . Within statistical and systematic uncertainties, our constraints are compatible with the cosmic baryon fraction and the expected gas fraction in halos. While Planck multi-frequency CMB data are expected to reduce statistical uncertainties by a factor of ∼ 20, we argue that systematic errors in determining mass of clusters dominate the uncertainty in gas mass fraction measurements at the level of ∼ 20 percent.
INTRODUCTION
Clusters of galaxies have long been recognized as remarkable laboratories to test cosmological theories. They are the largest gravitationally bound objects in the universe, thought to have formed from the eventual collapse of initially overdense dark matter perturbations. Their abundance and large scale properties are sensitive to the expansion and initial conditions of the universe, making them excellent tools to constrain cosmological models. On smaller scales, the physics of clusters is dominated by complex baryonic processes such as gas cooling, star formation, and feedback from supernovae and active galactic nuclei. In order to use clusters as standard probes of the geometry and dynamics of the universe, it is necessary to reliably model these processes and distinguish amongst different feedback mechanisms (see Kravtsov & Borgani 2012; Allen et al. 2011 , for recent reviews).
The main baryonic budget of clusters is a hot plasma of ionized hydrogen and helium in the intracluster medium (ICM), making it the natural target for studying the complex astrophysical processes at play. This virialized plasma emits bremsstrahlung radiation in Xray, making it possible to probe the dense regions of the ICM.
1 Historically, most of our observational understanding of the ICM has come from X-ray observations, leading to a fairly consistent picture of the scaling and structural properties of low-redshift clusters (see e.g. Böhringer et al. 2007; Vikhlinin et al. 2006; Arnaud et al. 2010; Pratt et al. 2007; Sun et al. 2011; Pratt et al. 2009 ).
The thermal Sunyaev-Zeldovich (tSZ) effect (Sunyaev & Zeldovich 1972 ) is another important probe of the ICM: as the Cosmic Microwave Background (CMB) photons inverse-Compton scatter off of the hot electrons in the ICM, their blackbody spectrum is distorted. The tSZ effect has the unique property that its signal is independent of redshift, making it a powerful observational tool for detecting clusters at cosmological redshifts, and hence a promising cosmological probe of dark energy (e.g. Birkinshaw 1999; Carlstrom et al. 2002) . Within the last few years, cluster surveys exploiting the SZ effect have started delivering cluster samples (e.g., Staniszewski et al. 2009; Marriage et al. 2011; Williamson et al. 2011; Planck Collaboration VIII 2011a) as well as constraints on cosmological parameters (Vanderlinde et al. 2010; Sehgal et al. 2011) . Another important feature of the tSZ effect is that it is directly proportional to the integrated pressure of free electrons along the line of sight, which makes it a powerful probe of the ICM in the outskirts (r R200), where X-ray emission is extremely faint.
Resolving the tSZ signal for individual clusters requires high resolution CMB measurements, which have become available only in the recent years. In fact, the only all-sky CMB survey with high enough resolution and sensitivity to detect individual SZ clusters is Planck. Even with Planck 's sensitivity, it is necessary to combine the tSZ signal from many clusters to meaningfully constrain physical quantities of interest, such as baryonic mass fraction (Planck Collaboration V 2013) . Luckily, there is fairly strong evidence from X-ray observations and numerical simulations that clusters are self-similar to a good approximation (see e.g. Nagai et al. 2007; Arnaud et al. 2010 ). This fact justifies combining SZ signatures of many clusters to obtain constraints on the mean ICM properties. There have been quite a few efforts in this direction over the past few years. By analyzing WMAP-1 (WMAP-3 respectively) CMB data for 116 (193 respectively) X-ray detected clusters, Afshordi et al. (2005 Afshordi et al. ( , 2007 (respectively) provided constraints on the ICM pressure profile out to ∼ R200. Other similar works include WMAP-3 stacking of over 700 clusters by AtrioBarandela et al. (2008) , WMAP-5 analysis of about 900 ROSAT NORAS/REFLEX clusters , WMAP-7 analysis of 175 Planck ESZ clusters (Ma et al. 2013) , and SZ measurements of 15 massive X-ray selected clusters obtained with the South Pole Telescope (Plagge et al. 2010) . Most notably, Planck Collaboration V (2013) have studied the tSZ signal of 62 low-redshift massive clusters by using CMB data from the Planck satelite, constraining the mean pressure profile of the ICM out to 3R500 with unprecedented precision.
The practice of averaging signals from many clusters goes under the title "stacking". The basic idea is the following: the main sources of uncertainty in extracting the tSZ signal are the primary CMB anisotropies and instrumental noise. Since these sources of noise are random in nature, they "drop out" if the temperature profile around many clusters is averaged over. This procedure, in its various forms, is not statistically optimal for multiple reasons. Firstly, large-angle correlations of primary CMB fluctuations are ignored when stacking. Secondly, it is not clear how contributions from different clusters should be optimally weighed in the averaging process. Typically, different weighing methods are adopted to see whether the effect on the extracted tSZ signal is significant or not (e.g. Atrio-Barandela et al. 2008) . Thirdly, when using multiple frequency channels, the final resolution of the reconstructed tSZ map is determined by the lowest resolution of the combined frequency maps (e.g. Planck Collaboration V 2013). Finally, the 3D pressure profiles are usually obtained a posteriori by deprojecting the tSZ signal, which may lead to noise amplification. For these reasons, stacking procedures either result in an underestimation of error or loss of statistical information.
We believe all the aforementioned shortcomings of stacking procedures can be overcome with the methodology we have formulated in this paper, which is more in line with optimized template fitting procedure of Komatsu et al. (2011) . Our analysis includes an all-sky multi-channel fit to the mean pressure profile of the ICM which appropriately takes into account primary CMB and noise correlations on all scales, while using the maximum resolution and sensitivity of all channels to their full potential. Furthermore, following Afshordi et al. (2007) , our method is completely model-independent, thus eliminating any systematic uncertainty associated with theoretical modelling of the ICM. In this paper, we apply our formalism to WMAP-9 CMB data using the MetaCatalogue of X-ray detected Clusters of galaxies . In a companion paper, we will repeat our measurements using CMB data from the Planck mission.
Our paper is organized as follows. In Sections 2.1 and 2.2, we review the tSZ effect and the concept of a universal pressure profile, describing how model-independence can be achieved. Sections 2.3 and 2.4 contain our main statistical and numerical methodology, outlining in detail how the mean pressure profile of ICM can be optimally constrained. Section 3 describes the CMB data and cluster sample we use to test our methodology, and is followed by a discussion of the resulting pressure profiles in Section 4.1. Section 4.2 presents gas mass fraction measurements of various subsamples of our cluster catalogue. We discuss future work and how we anticipate our results to improve by using Planck CMB data in Section 5, before concluding our findings in Section 6.
Throughout this paper, we assume a ΛCDM cosmology with present matter density Ωm = 0.3, dark energy density ΩΛ = 0.7, and Hubble parameter H0 = 100 h km s −1 Mpc −1 with h = 7 10 h70 = 0.7. We also denote the normalized Hubble parameter at redshift z by
EXTRACTING THE PRESSURE PROFILE
This section contains the statistical and numerical methodology we use to extract the mean ICM pressure profile from a full-sky CMB experiment. Section 2.1 reviews the tSZ effect and how it is related to the electron pressure profile. In Section 2.2, we reduce the problem of finding the exact profile of each cluster to a single, universal up to normalization, pressure profile. In Section 2.3, we derive the maximum likelihood estimator of the profile and its covariance matrix. Finally, in Section 2.4, we describe how the components of the estimator are in practice computed numerically.
tSZ Effect Model
The contribution of the tSZ effect to the CMB temperature anisotropy at frequency ν and locationn on the sky is proportional to the integral of the electron pressure along the line of sight: (see §2.5 of Weinberg (2008) for a derivation)
where σT is the Thomson scattering cross-section, me is the mass of the electron, c is the speed of light, kB is the Boltzmann constant, h is the Planck constant, 2 TCMB = 2.725 K is the mean CMB temperature (Mather et al. 1999) , and Pe(ln) is the pressure of free electrons along the line of sight directionn. Our task is to constrain Pe through the tSZ effect. We will assume that Pe is spherically symmetric to a good approximation and denote the pressure profile of the a th cluster by P (a) e (r). Furthermore, since it is not possible to constrain a continuous function without introducing model-dependence, we consider spherical bins around the centre of clusters, in each of which the pressure is assumed to be constant:
are all constants with units of pressure, r is the radius away from the centre of cluster, and N b is the total number of bins. The value of the pressure in each bin may be better understood as the volumeweighed average of the pressure in that bin. With these simplifications, Equation (1) may be written as
where Nc is the total number of clusters and t (a) k (n; ν) is given by:
The functions used in Equation (4) are defined as follows:
where d (a) is the angular diameter distance to the a th cluster andn (a) is the unit vector pointing to its centre.
3 Fig. 1 shows the basic geometry that underlies Equations (3-5).
Universal Pressure Profile
In principle, the analysis that will follow can be used to optimally estimate all parameters P
We've used h to denote Planck's constant only in Equations (1) and (4). Throughout the rest of our paper, h is the reduced Hubble constant.
3 Angular diameter distance to the a th cluster with redshift
. Figure 1 . The k th bin of the a th cluster. The contribution of this bin to the temperature anisotropy of the CMB at frequency ν and locationn on the sky is given by P
tunately, this is too computationally-intensive for a large sample of clusters, given the large angle correlations of primary CMB anisotropies and the current resolution of CMB experiments. However, there is fairly concrete evidence that the pressure profile of the hot gas in clusters is self-similar (see e.g. Nagai et al. 2007; Arnaud et al. 2010) . This means that for a given cluster, there is a selfsimilarity scale r (a) c such that the pressure profile takes the form
where
is a constant characteristic pressure of the a th cluster, and P(x) is the so-called universal pressure profile. Within this context, it is natural to construct the radial bins so that r
c , where {n k } k=1−N b are positive numbers satisfying n1 < n2 < · · · < nN b . With these assumptions, discretization of the electron pressure profile amounts to P
c , and the tSZ contribution (3) to the CMB anisotropy takes the form
If the characteristic scales r are fixed by external observations (such as X-ray's) for each cluster, our task is simplified to finding best estimate values (and their associated uncertainties) for N b parameters: P1, . . . , PN b .
We use R (a) 500 as the self-similarity length scale of the a th cluster (i.e. we set r 
∆ is defined as the radius up to which the matter density is ∆ times the critical mass-density of the universe:
where za is the redshift of the a th cluster, and ρcrit(z) =
. We consider 8 bins with radii r
500 , where k ∈ {1, 2, . . . , 8}. This is equivalent to setting n k = 0.5k. We use two proposals for the characteristic clusterdependent pressure P (a) c :
with δ = 0 and δ = 0.12. The former corresponds to the mass variation expected in the standard self-similar model based purely on gravitation (see Nagai et al. 2007; Arnaud et al. 2010 ). The δ = 0.12 case is a modification to the standard self-similar model proposed by Arnaud et al. (2010) , which is a first approximation to quantifying how the mass scaling of P (a) c changes with radius in the REXCESS sample . Using the δ = 0.12 scaling makes for a meaningful comparison of our results with those of Planck Collaboration V (2013), since this is what is used in their analysis.
Statistical Methods
We use the principle of maximum likelihood to find bestestimate values for the parameters P1, . . . , PN b . (For template fitting on CMB sky, see e.g. Gorski et al. 1996; Jaffe et al. 2004; Komatsu et al. 2011) . We assume that the only contributions to the temperature anisotropies of the CMB are the primordial anisotropies δT PA , the tSZ effect δT SZ (given by Equation (7)), possible residual monopole and dipole components, and the instrumental noise. Furthermore, we assume that primordial anisotropies follow the statistics of an isotropic Gaussian random field, for which we know the angular power spectrum C .
4
Let Lp (Lν ) denote the set of all pixels (frequency channels) we wish to use in our analysis. In Appendix A1 we show that the log-likelihood of the observed temperature fluctuations {δTiν } ν∈Lν i∈Lp , given the binned pressure profile {P k }, is analytic and equal to
Here CS is the covariance matrix of the primary CMB fluctuations and CN is the covariance of the instrumental noise. The former is related to the angular power spectrum C through
where B ν is the spherically averaged beam transfer function for the mode and frequency channel ν, W is the spherically averaged pixel transfer function,ni is the sky direction of the i th pixel, and P is the -th degree Legendre polynomial. We use max = 2 × N side throughout our analysis, where N side = 512 is set by the HEALPix (Górski et al. 2005 ) resolution of the WMAP sky maps.
In the case of WMAP, the instrumental noise is largely uncorrelated both between pixels and between different frequency channels. Its properties are adequately modelled by a Gaussian distribution with covariance matrix
In Equation (10), we have used δT SZ iν to stand for a pixelized version of Equation (7):
where (t
In practice, we generate the templates at HEALPix resolution 12 (N side = 4096), and then downgrade to resolution 9 (N side = 512).
5 We then convolve all templates with instrumental beams to obtain the quantities t
Let us note again that P k is the universal pressure of the k th bin and t
is the coefficient that multiplies it at pixel i and frequency channel ν. Assuming a uniform prior on (P1, . . . ,PN b ), the posterior probability function of these variables is also a Gaussian distribution which peaks at the maximum of the log-likelihood function given in Equation (10), which iŝ
where we have introduced the inverse covariance weighed template
Finally, the covariance matrix CP of {P k } is determined by the Hessian of the log-likelihood (10). Its matrix elements are
5 To be more specific, following the notation of Section 2.2, we
give the value t (ν) k (n i ) to the i-th pixel of the k-th template in frequency channel ν, wheren i is the centre of the i-th pixel at a resolution 12. (At this resolution, the first radial bin of all MCXC clusters occupies at least one pixel.) We then downgrade the templates to resolution 9 and finally convolve all templates with the instrumental beams.
This matrix does not involve further computations as it is already required to obtain the best estimates {P k }. All the measurements on the pressure profiles and their attached error bars are obtained using only the expressions indicated in this Section.
In Appendix A4, we have shown how any residual monopole or dipole contribution can be conveniently accounted for in this formalism.
Numerical Methods
It is clear from Equation (15) that all quantities of interest can be calculated once the weighed templates X (ν) k are known. This is impossible to achieve by direct computation, which would involve inversion of the full covariance matrix C. In this section, we will describe how we compute X (ν) k numerically. We start by establishing some notation. The set of all masked (unmasked) pixels is denoted by Lp (Lp), so that L = Lp ∪Lp contains all pixels in the sky. We denote the total number of pixels (i.e. the size of L) by NT .
In the statistical modelling described in Section 2.3, the covariance matrices CS and CN are only computed on the observed pixels Lp. However, numerical manipulation of these matrices is more efficient in harmonic space, using the spherical harmonic transform, which itself requires the knowledge of all pixels. Therefore, it is advantageous to compute the quantities of interest by extending the domain of CS and CN to the entire sky. We refer the reader to Appendix A2 for details on how this can be achieved and state the final result here (see also Wandelt et al. 2004; Lavaux et al. 2012) .
We encode information about masking of pixels into a diagonal NT × NT matrix M, with elements Mii = 0 if i ∈ Lp, and Mii = 1 if i ∈ Lp. Furthermore, we let S be the full pixel to pixel covariance matrix due to primary CMB fluctuations: (i, j ∈ L)
Nν the pixel-to-pixel covariance matrix of the instrumental noise:
and Bν a model of the complete beam (pixelization and instrumental):
where Apix is the area of one pixel (which is equal to 4π/NT for all pixels in the HEALPix scheme). We further define the square root of S:
Equation (15) may now be rewritten using the full covariance matrices, temperature data, and templates:
The computation of X (ν) k is now reduced to solving for the quantities g
k . The other operations may be done trivially as all involved operators are either diagonal in pixel space or in harmonic space. Computing g
k , for which a number of numerical techniques are available. We use the algorithm of the conjugate gradient method with preconditioning (see e.g. Shewchuk 1994) , which is an iterative prescription for solving large linear systems equations of the type
To speed up the convergence, we construct a preconditioner matrix D −1 0 (essentially an approximation of D −1 ) as follows: the block corresponding to all harmonic modes with ≤ 60 is taken to be the exact inversion of the same block in D, which is computed using a Cholesky decomposition. The rest of D −1 0 is taken to be diagonal, the elements of which are reciprecals of the corresponding diagonal element of D. This preconditioner has already been used in other works (see e.g. Eriksen et al. 2004 ). We stop the conjugate gradient algorithm whenever the relative error
is less than a specified threshold. In the case of this work, we take n < 10 −6 . We have checked that changing this threshold to 10 −5 does not change the results, indicating that the solution has indeed converged (see Appendix B for detailed convergence tests).
Finally, we note that all {g
k } are fully independent and thus may be computed in parallel. We fully employ this property. Our software, ABYSS (the sphericAl BaYesian Statistical Sampler), runs in 25 hours and 52 minutes on seven nodes (16 cores) to solve for the 12 templates on an Intel Xeon E5620. We note that the monopole and dipole take significant more time to reach the same level of precision as the other maps.
DATA

CMB Data
We use co-added inverse-noise weighted data from nineyear maps observed by WMAP at 41 GHZ (Q-band), 62 GHZ (V-band), and 94 GHz (W-band).
6 These maps are foreground cleaned (Bennett et al. 2012 ) and are at HEALPix resolution 9 (N side = 512). The standard deviation of the pixel noise in each map is given by (using notation of Section 2.4)
where ν ∈ Lν = {Q, V, W }, i ∈ L, and σ at pixel i is included in the maps available from the LAMBDA website. In all of our analysis, we use the 'extended temperature data analysis mask' to exclude foreground-contaminated regions of the sky from the analysis. The beam transfer function for every differencing assembly is also provided on the LAMBDA website. For a single value of , we average beam transfer function values for all differencing assemblies belonging to the same frequency channel. This is how we obtain the quantities B ν introduced in Section 2.3.
Cluster Sample
We use the Meta-Catalogue of X-ray detected Clusters of galaxies (MCXC) to extract the universal pressure profile of the ICM .
7 The MCXC provides (amongst other quantities) sky coordinates, redshift, and M500 data for all clusters. With a few exceptions, luminosity is used as a mass proxy for all clusters (see equation (2) of Piffaretti et al. 2011) .
We perform our analysis on all 1743 MCXC clusters, as well as a subsample of 162 clusters whose first radial bin (= 0.5 × R500, as discussed in the next Section) is resolved by the W frequency channel of WMAP. More specifically, we obtain this subsample by requir-
• is the effective angular radius of the (averaged) W -channel detector beam. We will refer to clusters in this subsample as resolved MCXC clusters. Fig. 2 shows the redshift-R500 distribution of all MCXC clusters, differentiating between the resolved and unresolved ones. The redshift of all (resolved) MCXC clusters range from 0.0031 − 1.26 (0.0031 − 0.077) with a median of 0.14 (0.028), and their masses range from M 500 10 14 M = 0.0096−22.1 (0.0096−7.27) with a median of 1.77 (0.86).
Since most MCXC clusters cannot be resolved, one expects numerical uncertainties to become important. This is why we have chosen to study a subsample in which all clusters are resolved. However, even unresolved clusters contribute to the tSZ signal, especially in the outer 1 R 500 (Mpc) 0.01 Figure 2 . The redshift-R 500 distribution of MCXC clusters. The red points represent clusters whose first radial bin is resolved by the W frequency channel of WMAP. The three lines plot d(z)θ (ν) for different WMAP frequency bands, where
/π is the angular radius of the disk with the same effective area as the detector beam in frequency channel ν. Here Ω (ν) is the beam solid angle of frequency channel ν, which is provided on the LAMBDA website: Ω (Q) = 0.51 2 , Ω (V ) = 0.35 2 , and Ω (W ) = 0.22 2 (deg 2 ). The curve labeled 'Pix' is constructed similarly and reflects the resolution associated with pixelization.
bins. Therefore, the price one pays for ignoring unresolved clusters is statistical information. We have analyzed both samples to see how this trade-off manifests itself in practice.
We also analyze subsamples of MCXC clusters binned according to mass. This allows us to study the dependence of various quantities, such as pressure and gas mass fraction, on the mass of clusters. Table 1 shows the mass range and number of clusters in every bin. We have subdivided the resolved MCXC clusters into three mass bins, and the entire MCXC sample into four bins. These bins have been chosen so that they lead to roughly similar signal-to-noise properties, characterized by the null chi-squared of pressure measurements. We have excluded the 45 most massive clusters because none of them are resolved, resulting in a measurement with extremely low significance and a nearly degenerate covariance matrix.
RESULTS
In this section, we describe our two main results. Section 4.1 discusses WMAP constraints on the universal pressure profile P, and Section 4.2 includes our gas mass fraction measurements.
WMAP Constraints on the Universal
Pressure Profile of the ICM Fig. 3 shows the result of our pressure measurements as applied to all MCXC clusters, as well as the resolved subsample defined in Section 3.2. As was mentioned in Section 2.2, we perform our analysis using the standard 
500 (δ = 0 in Equation (9)), as well as the modified scaling P (a) c ∝ M 2/3+0.12 500 (δ = 0.12 in Equation (9)). These results are shown in Fig. 3a and Fig. 3b , respectively. There is essentially no signal beyond 1.5R500. The best fit pressure values even become negative for some bins in this regime. We have decided not to impose positivity of pressure as a prior in order to keep the statistics Gaussian and not spoil the analytic results (15) and (17). Repeating these measurements with Planck CMB data is expected to provide a significantly tighter constraint on the universal pressure profile (see Section 5 below).
In Fig. 3a , we have compared our pressure measurements with two sets of simulations Battaglia et al. 2012) , which include treatment of radiative cooling, star formation and energy feedback from supernova explosions. Battaglia et al. (2012) also account for feedback from active galactic nuclei, while Nagai et al. (2007) consider the effect that electrons and ions are not kept in thermal equilibrium in the outskirts (Rudd & Nagai 2009 ). Comparison of our measurements with the simulated profiles of Nagai et al. (2007) is straightforward because they compute the exact same quantity. Battaglia et al. (2012) , however, use R200 as the self-similarity scale and also consider the variation of P with mass and redshift. In this case, we use the c200 − M200 relation of Bhattacharya et al. (2011) to compute R200, and use the fitting formula of Battaglia et al. (2012) (equations (11-12) and table 1) to compute P for all MCXC clusters. In Fig. 3a we have plotted in green the average of these profiles, as well as the standard deviation about their mean. Where there is signal, our pressure measurements are slightly more consistent with those of Battaglia et al. (2012) . Due to the large statistical uncertainties, however, we cannot meaningfully discriminate between the two. In an upcoming companion paper, we will return to this question in greater detail once we apply our methodology to Planck CMB data.
In Fig. 3b , we have compared our pressure measurements with those of Planck Collaboration V (2013). Given that we use different radial bins, and more importantly that Planck 's measurements are a lot more precise, it suffices to compare our measurements with their best fit generalized Navarro-Frenk White (GNFW) pro- (9)). The black curve is the best fit GNFW profile to pressure measurements of Planck. The black points are obtained by a volume weighed average of Planck 's best fit profile over our radial bins. Figure 3 . WMAP-9 constraints on the universal pressure profile P of the ICM. The blue (red) data points are the resulting pressure profiles for all (only resolved) MCXC clusters. A cluster is considered resolved if its first radial bin subtends a solid angle larger than the effective beam area of the W frequency channel (see Section 3.2). Defined in Equation (9), δ characterizes deviation from the standard self-similar model. δ = 0 corresponds to the mass variation expected in the standard self-similar model (see Nagai et al. 2007; Arnaud et al. 2010) , and δ = 0.12 is a modification which better captures the variation of mass scaling with radius in the REXCESS sample (Arnaud et al. 2010; Böhringer et al. 2007 ).
file (Navarro et al. 1997; Nagai et al. 2007 ). We discretize this profile by a volume-weighed average over our radial bins, which makes for a more meaningful comparison with the discretized universal pressure profile we have defined, i.e. {P k }. Our measurements are in good agreement. Table 2 shows the level of confidence for our various pressure measurements. The difference between the standard and modified scalings of P (a) c with mass is very Table 3 . The normalized covariance matrix of the universal pressure profile for all MCXC clusters (blue or top-right), as well as only the resolved ones (red or bottom-left). The modified self-similar model is used for these measurements (i.e. δ = 0.12 in Equation (9)). To construct these matrices, let C all P be the covariance matrix for analysis done on all MCXC clusters. Construct a diagonal matrix Table 2 . Level of detection for various pressure measurements. δ = 0 (0.12) corresponds to measurements presented in Fig. 3a (3b) , respectively. The null chi-squared is given by
PP , whereP are the best fit pressure measurements and C P is their associated covariance matrix. small. However, the significance of detection reduces from 15.1σ to 9.5σ if we limit our sample to the resolved clusters. This may seem surprising because, looking at Fig.  3 , the uncertainties are similar in both cases and the best fit pressure values are even consistently higher in the case of resolved clusters. Note, however, that Fig. 3 does not compare the off-diagonal elements of the covariance matrices − i.e. correlation between different bins. In fact, the extra statistical information coming from unresolved clusters is encoded almost entirely in the off-diagonal correlations. We refer the reader to Appendix E for the full covariance matrix and numerical values of {P k }. To get some sense for the nature of correlations, however, we have shown a normalized version of C P for both samples in Table 3 . Nearby bins are anti-correlated in both cases, but more so for the sample containing all clusters. The extra information contained in these anti-correlations can be quantitatively described by examining the eigenvalues and eigenvectors of the covariance matrix C P . We refer the reader to Appendix D for a detailed discussion of this point and state the results here. In the case of the resolved clusters, the eigenmodes with the three largest eigenvalues are responsible for most of the contribution to χ 2 0 . For the whole MCXC sample, however, all eigenmodes contribute more or less equally. Moreover, eigenvectors corresponding to larger eigenvalues carry most of their weight from the inner bins. Therefore, in the case of resolved clusters, mostly the inner bins are contributing to the signal, whereas for the whole MCXC sample, there is also contribution from outer bins. This analysis reassures us that even unresolved clusters contribute to the tSZ signal in the outskirts of the ICM.
Although the unresolved clusters add to the tSZ signal in the outer bins, one expects numerical uncertainties associated with them. This is especially worrisome for those on sub-pixel scales, where certain approximations, such as a spherically averaged pixel transfer function, break down. In order to get an estimate for how large such uncertainties are, we performed our analysis on all MCXC clusters using higher resolution WMAP sky maps (N side = 1024). The result is shown in Appendix B2. For all radial bins, this discrepancy is at most at the 1σ level and is random in nature.
Our pressure measurements are also affected by the uncertainty present in determining masses of clusters. In Appendix C, we have investigated this issue by considering 62 MCXC clusters which are also in the Early Release SZ (ESZ) sample (Planck Collaboration VIII 2011b). The ESZ mass estimates are systematically higher on average by about 12 percent. This results in systematically lower pressure measurements (where there is actual signal), but it is only at the 1σ level (see Appendix C for details). We will return to this issue in Section 4.2, because this effect is no longer small when determining gas mass fraction.
The results of our analysis as applied to the cluster subsamples introduced in Table 1 are included in Appendix E. Because of the large statistical uncertainties, comparing the pressure profile of different mass bins is not terribly illuminating. We will, however, discuss the implications for gas mass fraction in the next Section.
Gas Mass Fraction
The density of gas ρ (a) g (r) in the a th cluster with temperature profile T (a) (r) takes the form
c 0000 RAS, MNRAS 000, 000-000
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where mp is the proton mass and µe = 2 X+1 1.14 is the mean molecular weight per free electron for a cosmic hydrogen abundance of X 0.76. 8 As it has been the case for the electron pressure profile (see Equation (6)), we assume a universal temperature profile
which in turn implies
The volume-averaged gas density at radius r takes the form
Given that we have considered radial bins throughout which P is constant, we shall also bin the temperature profile:
where n k is the value of the k th radial bin in units of r (a) c , with n0 ≡ 0 (see Section 2.2).
9 It then follows that
where N b is the total number of radial bins and
Here k * is an integer defined via n k * ≤ x < n k * +1 . We assume the total matter density of the a th cluster to be of the NFW form:
Defining c
s /ρcrit(za), it may be checked that the total mass enclosed within a 8 The free electron number density is ne = n H +2n He , where n H and n He are the Hydrogen and Helium number density. The cosmic hydrogen abundance is X = n H /(n H + 4n He ). It then follows that ρ b = mp(n H +4n He ) =
, where mp is the proton mass. 9 We will discretize all continuous profiles over our radial bins, because our pressure measurements are discrete by construction. In the case of temperature, it might seem more natural from Equation (30) to discretize 1/T instead of T. We have checked that the difference between these discretization schemes is insignificant. radius r is equal to
where R
∆ and M (a) ∆ were defined in Equation (8). Also, it follows from Equation (8) that
Therefore, knowing c s . We estimate the concentration parameter from the c200 − M200 relation of Bhattacharya et al. (2011) :
where D(z) is the linear growth factor normalized to 1 at z = 0.
11 As was the case with the temperature of baryons, we similarly bin ρ
where as before r
c . Finally, the volumeaveraged matter densityρ
where (k * being defined as above)
The average gas mass-fraction up to radius r in the a th cluster takes the form:
10 Here we have adopted the notation of Bhattacharya et al. (2011) .
, where (see Carroll et al. 1992 )
In order to make a meaningful comparison with the universal gas mass-fraction, we average this quantity over all clusters
Since fgas(< x) is a linear combination of {P k }, it is a Gaussian random variable with mean and variance
The averaging scheme we have adopted in Equation (42) may seem arbitrary. One could, for instance, assign different weights to different clusters. If P (a) c and T (a) c scale similarly with mass, different averaging schemes would differ by a negligible amount. This is because the only variation in fgas amongst different clusters would be due to the scaling of c500 with mass, which is fairly mild. As a result, given the temperature profile we have adopted (see Equation (45)), we use the standard self-similar scaling of P 
This is an approximation to the averaged profile of about a dozen low-redshift X-ray clusters, with measurements obtained for r < R500 (Vikhlinin et al. 2006) . The scatter about the mean profile is about 15 percent. The assumption of universality (i.e. Equation (28)) may be easily relaxed if temperature measurements for individual clusters are available. In the case of our present work, however, this option is not viable since a large cluster sample is required to compensate for WMAP's insufficient sensitivity. To get an estimate for how this assumption affects our fgas measurements, consider an average 100 percent scatter about the universal profile. For a relatively large sample of clusters, as is the case with our measurements, changing the individual temperature profiles by ∼ 100 percent would introduce a systematic uncertainty of order 2 in fgas. 12 Given the large statistical uncertainties in our pressure measurements, this effect is small. Gas mass fraction of all MCXC, as well as the resolved subsample. A cluster is considered resolved if its first radial bin subtends a solid angle larger than the effective beam area of the W frequency channel (see Section 3.2). The standard self-similar model of pressure is assumed for both measurements (δ = 0 in Equation (9)). The black solid curves show the average gas mass fraction, computed using Equation (43). The shaded areas represent the standard deviation in the measurement of fgas as given by Equation (44). The dashed black lines show the expected systematic uncertainty about the mean gas mass profile, mostly due to cluster mass estimates. The cosmic gas mass fraction is obtained by fitting ΛCDM to WMAP9+SPT+ACT data and is equal to Ω b /Ωm = 0.165 ± 0.005 (Hinshaw et al. 2012) .
Systematic uncertainties associated with estimating masses of clusters have a more significant effect on gas mass fraction. As mentioned in the previous section, we perature of the a th cluster. Let { a} be realizations of a gaussian random variable with zero mean and standard deviation . Changing the temperature T (a) → T (a) (1 + a) is equivalent to a 1/T (a) → a 1/T (a) (1 − a + 2 a + · · · ). When T (a) doesn't change drastically from cluster to cluster, the contribution of the term linear in a is on the order of √ N , while the second order term contributes about N 2 . When N > 1/ 2 , the 2 term dominates.
have investigated this issue in Appendix C by considering 62 MCXC clusters which are also in the ESZ sample (Planck Collaboration VIII 2011b). The ESZ mass estimates are systematically higher by about 12 percent, which causes lower pressure measurements at the 1σ level. Because of the scaling of temperature with mass (Equation (45)), this decreases fgas by about 20 percent (see Fig. C1 ). Repeating our analysis with Planck CMB data is expected to reduce statistical errors significantly (see Section 5 and Planck Collaboration V (2013)). In that case, fgas measurements would be solely dominated by systematic uncertainties associated with determining masses of clusters. Fig. 4 shows the result of our analysis, as applied to all MCXC clusters, as well as just the resolved ones. Given the large statistical and systematic uncertainties, we extrapolated the temperature profile of Vikhlinin et al. (2006) out to R200. The black solid curves show the average gas mass fraction, computed using Equation (43). The shaded areas represent the standard deviation in the measurement of fgas as given by Equation (44). The dashed black lines show the expected systematic uncertainty about the mean gas mass profile (∼ 20 percent), mostly due to cluster mass estimates. Considering both statistical and systematic errors, our results are fully consistent with the cosmic baryonic fraction up to R200. Given the large error bars, accounting for all baryons in stars does not change this conclusion. Fig. 5 shows the dependence of gas mass fraction (up to R500) on the cluster subsamples which we have binned according to mass (see Table 1 ). A general trend of increasing fgas with M500 can be seen. Due to the large error bars, however, we cannot make any statistically significant statement about this dependence. Table 1 of Planelles et al. (2013) ). The black stars show fgas obtained from hydrodynamical simulations carried out by Planelles et al. (2013) , which include radiative cooling, star formation and feedback from supernovae and active galactic nuclei. Considering both statistical and systematic errors, our measurements are consistent with both the observational and numerical results.
DISCUSSION AND FUTURE WORK
In a companion paper, we will repeat our entire analysis using the recently released Planck CMB data. To get an idea for how much our measurements will improve, we estimate here the pressure covariance matrix C P expected from Planck. We consider the six Planck -HFI channels, which have central frequencies 100, 143, 217, 353, 545, and 857 GHz, at HEALPix resolution N side = 2048. We assume a homogeneous detector noise constructed by averaging the noise variance of all pixels for a given frequency Table 1a . Table 1 of Planelles et al. (2013) ). The black stars show fgas obtained from hydrodynamical simulations carried out by Planelles et al. (2013) , which include radiative cooling, star formation and feedback from supernovae and active galactic nuclei.
channel:
where n100 = 50.6 µK, n143 = 20.1 µK, n217 = 27.1 µK, n353 = 0.1 mK, n545 = 28.1 mK, n857 = 27.9 mK. We assume Gaussian instrumental beams with Full-WidthHalf-Maximum of 9.5, 7.1, 5.0, 5.0, 5.0, 5.0 arcmins, for the six HFI channels in order of increasing frequency (Planck HFI Core Team VI 2011). Finally, we assume no masking (i.e. M = 1) but remove all clusters that are masked out from our templates. Because we have assumed a homogeneous detector noise and no masking, the matrix D introduced in Equation (23) can be inverted analytically, resulting in the pressure covariance matrix:
Here Apix denotes the pixel area and all other quantities are defined in Sections 2.3 and 2.4. We generate our templates t (ν) k using the resolved MCXC clusters which are not masked (total of 122 clusters), with a standard self-similar pressure-dependent scaling (δ = 0 in Equation (9)). In order to make sure this estimate is reasonable, we computed the same quantity with WMAP9 data, using the Q, V , and W channels. Assuming the best-fit pressure valuesP remain the same, this leads to a null chi-squared of χ 2 0 = 124.551, which is reasonably close to the actual value χ 2 0 = 115.626. (We use the same 8 radial bins as for our pressure measurements, i.e. there are 8 degrees of freedom here.) Estimating the covariance matrix for Planck using the same best-fit pressure values, we obtain χ 2 0 = 66154.8. Therefore, assuming that the signal does not change, we expect the statistical uncertainties to reduce by a factor of ∼ 66154.8/124.551 = 23.9. This is a significant improvement, which will allow us to consider finer bins and possibly probe the ICM pressure to larger radii. Fig. 6 compares the expected error for different bins with those of WMAP9. Our analysis does not account for the uncertainty present in modelling of beams. In the case of Planck, the beam uncertainty is modelled by
where {g k } are independent Gaussian random variables with unit variance, and E k ν is the k th eigenmode of the beam covariance matrix (Planck collaboration et al. 2013) .
13 In order to see how this uncertainty affects our results, we have computed the best-fit pressure profile {P k } for 100 different realizations of the beams. To do so, we created mock CMB skies which contain the SZ signal, primary CMB and noise, and repeated the analysis outlined above for our Planck forecast.
14 We find 13 The coefficients E k ν are contained in the RIMO beam files of Planck. Also, we use n modes = 5. 14 The input pressure profile needed to create the SZ signal Figure 6 . Comparison of the statistical noise expected from analysis with Planck CMB data vs. WMAP9. The blue data points are the estimated noise expected from repeating our analysis with Planck CMB data (see Equation (47)). The red points correspond to the same quantity for WMAP9 measurements, applied to the resolved MCXC clusters with standard self-similar pressure-dependent scaling (δ = 0 in Equation (9)). The green and grey shaded areas show the expected pressure signal from simulated clusters of Battaglia et al. (2012) and Nagai et al. (2007) , respectively. δP k ∼ 0.01 [C P ] kk , where δP k denotes the standard deviation of the 100 values ofP k obtained through our simulations. Therefore, effects of beam modeling are quite small relative to the statistical uncertainty due to primary CMB and instrumental noise.
We have also ignored the impact of foreground residuals in our formalism. Our current model is sufficient for WMAP foreground cleaned maps but not for Planck, because dust emission dominates at high frequencies and there are other emissions (e.g. CIB, radio and infrared point sources) which are not negligible and can not be modelled easily. To get an estimate for this effect, we consider foreground templates created by taking the difference of low and high frequency sky maps. More specifically, we created four templates by taking the difference between 030 − 044, 044 − 070, 353 − 545, and 545 − 857 Planck sky maps. Because different frequency channels have different beam and noise properties, we smoothed these maps using a Gaussian window function with FWHM= 0.006 radians = 21 . Considered as a template, each difference-map contributes a different coefficient to the total temperature anisotropy, depending on the frequency band. We then estimated the expected pressure covariance matrix as above, this time using only 100, 143, 217 GHz frequency channels. Assuming the same best-fit pressure values, accounting for foreground residuals decreases the null chi-squared by about 0.5 percent.
We have not addressed the issue of point source contamination so far. In our framework, it is not feasible is taken to be the best-fit pressure values used in our Planck forecast analysis.
to fit locally for contribution of point sources, given the large number of clusters. We did try to account for them by assigning a constant absolute luminosity per frequency channels to all clusters. The results, however, change only by a negligible amount. We will consider a more detailed modelling of point source contamination in future work.
CONCLUSIONS
We have introduced a statistically-optimal and modelindependent framework for extracting the universal pressure profile of the hot gas in the intracluster medium. The thermal Sunyaev-Zeldovich effect makes this possible because it is linearly proportional to the integral of the electron pressure along the line of sight. We use the principle of maximum likelihood to find best-estimate values for the radially binned values of the pressure profile, as well as the full covariance matrix governing their uncertainties. Once reformulated in the proper mathematical framework, the main technical challenge is solving a very large system of linear equations, which we do numerically by employing the conjugate gradient method.
We applied our methodology to WMAP9 data and various subsamples of the MCXC catalogue. In the case of all MCXC clusters, we extract the pressure profile with a high accuracy at ∼ 15σ confidence, with possible systematics uncertainties dragging our detection down to ∼ 14σ. We also considered a subsample of the MCXC clusters completely resolved by the W frequency channel of WMAP, resulting in a ∼ 9σ detection. In an upcoming companion to this paper, we apply the same methodology to the recently released Planck CMB maps. An estimation of the pressure covariance matrix expected from Planck suggests that the current signal-to-noise will improve by a factor of ∼ 24.
Assuming a temperature profile motivated by X-ray observations, we computed the average gas mass fraction as a function of radius. We argued that systematic uncertainties associated with estimating mass of clusters could have a drastic effect (∼ 20 percent) on gas mass fraction. Considering both statistical and systematic errors, our results are fully consistent with the cosmic baryonic fraction and the expected gas mass fraction in halos, up to R200.
We also made a first attempt at studying the dependence of gas mass fraction on the mass of clusters. Due to the large error bars, we cannot make any statistically significant statements about this dependence. Nevertheless, our measurements suggest that gas mass fraction increases with the mass of clusters, which is consistent with findings from X-ray measurements (Vikhlinin et al. 2006; Arnaud et al. 2007; Sun et al. 2009; Zhang et al. 2011 ) and numerical simulations (Planelles et al. 2013 ) .
APPENDIX A: TECHNICAL DETAILS A1 Likelihood Function
Given an underlying temperature field
the value of the discretized temperature map at pixel i and frequency band ν is given by
where B ν is the isotropicized beam transfer function for the mode and frequency channel ν, and W is the isotropicized pixel transfer function. In case of the primordial anisotropies, because δT PA iν are linear functionals of δT PA (n), they are correlated Gaussian random variables with zero mean and two-point function
where P is the -th degree Legendre polynomial and we have used δT
Finally, the log-likelihood probability −χ 2 /2 of jointly measuring the CMB temperature values {δTiν } ν∈Lν i∈Lp given the tSZ contribution {δT SZ iν } ν∈Lν i∈Lp and the primary CMB fluctuations {δT
where CN is the noise covariance matrix and Lp (Lν ) is the set containing pixels (frequency channels) we wish to use in our analysis. 17 After integrating over all possible primary fluctuations δT PA , which can be done analytically, the log-likelihood takes the form
with
This proves Equation (10).
A2 Masking
All quantities used (and not defined) here are introduced in Sections 2.3 and 2.4. Let Lp (Lp respectively) denotes the set of all masked (unmasked respectively) pixels, so that L = Lp ∪ Lp contains all pixels on the sky. In what will follow, CS f (CS) will denote the signal covariance matrix defined on L (Lp). The same notation will be used for the noise covariance matrix. Consider now the full covariance matrix Cf = CS f + CN f . It is related to C = CS + CN via C = CP T Cf CP, where [CP] iν,jν = Pijδ νν is a projection matrix with i ∈ L and j ∈ Lp, such that all components of P are zero except Pii = 1 for i ∈ Lp. Construct from Cf another matrixCf with the same entries, except that [Cf ]iν,iν = x for all i ∈ Lp. Then, it can be shown from the definition of the inverse of a 16 We follow the HEALPix conventions for spherical harmonic transforms (Gorski et al. 2010) . 17 The matrix notation used here is explicitly:
where we are considering C S as a matrix whose rows and columns are labeled by iν.
matrix that 
where M = PP T is the masking matrix defined in Section 2.4. Moreover, we show in Appendix A3 that
Using the above two equations we find
where G ν,ν is given by (23b). Finally, let [V f ]iν and [W f ]iν be two vectors defined on every pixel on the sky (i.e. i ∈ L). Also, let V and W be the corresponding vectors defined only on the unmasked pixels:
where we have used the fact that [CPCP T ] iν,i ν = M ii δ νν , as well as M 2 = M, which combined with (A12) implies MG ν,ν M = G ν,ν . This justifies the equality between the corresponding equations in (15) and (22).
A3 Covariance Matrix Re-loaded
All quantities used (and not defined) here are introduced in Sections 2.3 and 2.4. Also, all matrices are defined on the entire sky.
Using the definition of matrices Bν and S as given in Section 2.4, it may be checked that
where we have used
It then follows that
Let us now prove the following
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As a simple example, consider the case where there are only two pixels, one frequency channel, and one of the pixels is masked out: Lp = {1}, Lp = {2}. In this case
x and
. Equality (A9) can now be easily verified:
That this is true may be easily checked:
where we have used S 1/2 S 1/2 = S, which may be checked using (A17).
A4 Fitting the Monopole and the Dipole
Let us briefly discuss how any possible residual monopole and dipole CMB components can be accounted for in our framework. We denote monopole and dipole contributions by δT =0 and δT =1 , respectively. They take the form
These components should be added to the tSZ signal:
This may be conveniently done by making the following definitions:
where N b is the total number of radial bins. The statistical machinery developed in Section 2.3 now goes through exactly the same way, except that N b → N b + 4. Once the matrix α is found (see (15)), which is now (N b + 4) × (N b + 4) dimensional, the pressure covariance matrix becomes the restriction of its inverse to the bins of physical interest:
APPENDIX B: ROBUSTNESS TESTS
As it was shown in Section 2.4, the most important part of our analysis is solving a linear equation of the form Ax = b, where A is a very large (∼ 10 6 × 10 6 ) matrix. In order to be certain that our numerical methods are correct, we perform two tests.
B1 Simulations
We create sky maps with known tSZ amplitudes (i.e. the quantities of interest P k and other parameters such as the monopole and dipole anisotropies) and see if the outcome of the pipeline matches with what is inputted. More specifically, we generate N random realizations of the CMB primary anisotropies, add the tSZ signal with known amplitudesP k , and finally add random detector noise. The outcome of every fitting procedure is the set of values P (i) k , with i ∈ {1, . . . , N } denoting the i-th simulation, and the covariance matrix [C P ] k,k (see Section 2.3). The covariance matrix [C P ] k,k does not change from one simulation to the other since it only depends on the tSZ templates, and the detector noise and primary CMB covariance matrices. If P (i) k really are realizations of a gaussian random variable with meanP k and variance [C P ] k,k , then their mean
k should converge toP k as N becomes large. More specifically, the expected error in determining the true value of the mean is
2 should converge to [C P ] k,k , with an expected error of Fig. B1 shows the results of our simulations for a few templates (i.e. values of k). As it can be seen, all estimators converge to the values computed by our pipeline. 
B2 Different Resolutions
We performed our analysis on all MCXC clusters using WMAP7 sky maps at two different HEALPix resolutions of 9 (N side = 512) and 10 (N side = 1024). The modified self-similar scaling of pressure with mass is used for these measurements (i.e. δ = 0.12 in Equation (9)). Fig. B2 shows the results. The null chi-squared for the N side = 512 (N side = 1024) measurement is χ 2 0 = 246.8 (χ 2 0 = 272.1), corresponding to a 14.68σ (15.50σ) detection.
APPENDIX C: EFFECT OF UNCERTAINTY IN MASS OF CLUSTERS
Our entire analysis depends crucially on the self-similarity length/mass scales of clusters. Therefore, it is important to investigate how our measurements are affected by the uncertainty present in determining masses of clusters. Planck Collaboration V (2013) N side =512 N side =1024 Figure B2 . Results of our analysis of WMAP7 sky maps at two different resolutions.
which also belong to the MCXC catalogue (Planck Collaboration XI 2011). To get an idea for the degree of uncertainty present in mass estimates, we compare ESZ and MCXC masses of these clusters. This is shown in Fig. C1a . The ESZ mass estimates are systematically higher on average by about 12 percent. To investigate how such systematics affect our pressure measurements, we randomly changed masses of all MCXC clusters according to the distribution in Fig.  C1a . (We used the standard self-similar scaling to create our templates, i.e. we set δ = 0 in Equation (9).) The resulting pressure profile is shown in Fig. (C1b) . In the first three bins, where there is signal, the pressure values decrease systematically. This difference, however, is at most at the 1σ level. As shown in Fig. C1c , this is no longer the case for gas mass fraction, which decreases by about 20 percent on average.
APPENDIX D: ALL VS. RESOLVED MCXC CLUSTERS
Let us provide a quantitative explanation for how statistical information is lost when unresolved clusters are not accounted for. The discussion that will follow is based on measurements presented in Fig. 3b , i.e. the modified scaling of pressure with mass (δ = 0.12 in Equation (9)). The same analysis for the standard self-similar scaling (i.e. measurements presented in Fig. 3b) gives the same results. Let λn and Tn denote the eigenvalues and eigenvectors of C P , respectively. We choose the labels n such that λ1 < λ2 < · · · < λN b , where N b = 8 is the total number of radial bins. Since C P is a positive symmetric matrix, its eigenvalues are positive and its eigenvectors are real. The null chi-squared can be re-expressed as
Fig . D1 shows the eigenvalues λn and the contribution (P T Tn) 2 /λn of the different eigenmodes to χ 2 0 . In the case of the resolved clusters, the modes with the three largest eigenvalues are responsible for most of the contribution to χ 2 0 . For the whole MCXC sample, however, all eigenmodes contribute more or less equally. Eigenvectors corresponding to larger eigenvalues carry most of their weight from the inner bins. To see this, we have plotted the components of all eigenvectors in Fig. D2 . We denote the k th component of the eigenvector Tn by T n,k . As in the text, k = 1 . . . N b labels the radial bins around clusters with k = 1 and k = N b corresponding to the inner and outer-most bins, respectively. It is clear from Fig. D2 that for eigenvectors with larger eigenvalues, the components corresponding to the inner bins dominate, and vice versa. Therefore, in the case of resolved MCXC clusters, the fact that most of the contribution to χ 2 0 comes from modes with the three largest eigenvalues indicates that mostly the inner bins are contributing to the signal. Whereas for the whole MCXC sample, there is also contribution from outer bins. This analysis reassures our intuition that even unresolved clusters contribute to the tSZ signal in the outskirts of the ICM. (9)). The blue data points show the result of our measurements using MCXC mass estimates. The red points show measurements for which the MCXC masses are randomly changed according to the distribution shown in (a). (c) Gas mass fraction, computed using Equation (43), corresponding to pressure measurements in (b). The shaded areas represent the standard deviation in the measurement of fgas as given by Equation (44).
APPENDIX E: PRESSURE MEASUREMENTS: THE EXACT NUMBERS
Here we report exact numbers corresponding to the measurement of P, i.e. the best fit universal pressure valueP and its associated covariance matrix C P . As before, δ quantifies deviation from the standard self similar model (see Equation (9)). We give in Table E1 (E2)P and C P in the case of all clusters (resolved clusters), with δ = 0. Similarly, Table E3 (E4) shows our measurements in the case of all clusters (resolved clusters), with δ = 0.12. In Tables E5−E8 , we show the result of our analysis on mass bins 1 − 4 introduced in Table 1a , respectively (with δ = 0). Similarly, Tables E9−E11 provide the best fit universal pressure values and the corresponding covariance matrix for mass bins 1 − 3 introduced in Table 1b , respectively (with δ = 0). Figure D2 . Components T n,k of the eigenvectors Tn of the covariance matrix. Here n labels different eigenvectors, chosen so that the eigenvalues satisfy λ 1 < λ 2 < · · · < λ N b . The label k runs over all radial bins. Table E1 . Pressure measurement of all MCXC clusters with the standard self-similar model (δ = 0 in Equation (9) Table E2 . Pressure measurement of resolved MCXC clusters with the standard self-similar model (δ = 0 in Equation (9) Table E3 . Pressure measurement of all MCXC clusters with the modified self-similar model (δ = 0.12 in Equation (9) Table E4 . Pressure measurement of resolved MCXC clusters with the modified self-similar model (δ = 0.12 in Equation (9) Table E5 . Pressure measurement of Mass-bin 1 of all MCXC clusters, as defined in Table 1a (δ = 0 in Equation (9) Table E6 . Pressure measurement of Mass-bin 2 of all MCXC clusters, as defined in Table 1a (δ = 0 in Equation (9) Table E7 . Pressure measurement of Mass-bin 3 of all MCXC clusters, as defined in Table 1a (δ = 0 in Equation (9) Table E8 . Pressure measurement of Mass-bin 4 of all MCXC clusters, as defined in Table 1a (δ = 0 in Equation (9) Table E9 . Pressure measurement of Mass-bin 1 of resolved MCXC clusters, as defined in Table 1b (δ = 0 in Equation (9) Table E10 . Pressure measurement of Mass-bin 2 of resolved MCXC clusters, as defined in Table 1b (δ = 0 in Equation (9) Optimal SZ measurement 25 Table E11 . Pressure measurement of Mass-bin 3 of resolved MCXC clusters, as defined in Table 1b (δ = 0 in Equation (9) 
